Abstract: This work presents the development of an unstructured kinetic model incorporating the differing degrees of product inhibition on the kinetic rates of recombinant Zymomonas mobilis fermentation. A mechanism for the inhibition of two competing substrates cellular uptake via membrane transport is proposed. The model was utilized in a nonlinear model predictive control (NMPC) algorithm to control product concentration during fed-batch fermentation. Using optimal feeding policy determined online by the NMPC controller, the volumetric productivity of ethanol was improved by 16.6% relative to the equivalent batch operation when the same final ethanol concentration was reached. Copyright © 2002 IFAC 
INTRODUCTION
In addition to glucose, xylose is one of the principle components of lignocellulosic biomass. The utilization of xylose for fermentation would greatly improve the economic potential of biomass to fuel ethanol production. The gram-negative bacterium, Zymomonas mobilis, has several attributes that would make it advantageous to fermentation of lignocellulosic hydrolyzates.
These advantages include high glucose uptake, high productivity, low biomass yield, high product yield, and high ethanol tolerance. One drawback is the limited substrate range, which is restricted to glucose, sucrose, and fructose. Several recent efforts have been directed toward the expansion of this range through metabolic engineering. The recombinant strain CP4:pZB5, containing the genes encoding for a functional pentose phosphate pathway, is capable of fermenting xylose to ethanol at high product yields.
For optimization purposes, there has been increasing interest in applying control theory to fed-batch fermentations in recent years. Optimized fed-batch operation has been applied to maximize the production of cell mass, penicillin, amino acids, enzymes, and bioengineered products such as penicillin, ethanol, and recombinant proteins (Modak, et al., 1985) . Fed-batch can be considered a combination of operation in both batch and continuous modes, and has been shown to be superior to either batch or continuous fermentation when inhibitory or undesirable products are produced. Determinations of fed-batch feeding policies typically involve performing a maximization of a desired quantity either continuously over the course of the fermentation, or the productivity at end of the process. Typical approaches to optimization include applying Pontryagin's maximum principle and using either Green's optimization scheme or Kelly's transformation (Hong, 1986; Modak, et al., 1985) . The resulting feeding patterns are either singular or nonsingular arcs depending on the problem and boundary condition development.
Previous Z. mobilis fed-batch ethanol production from glucose (Bravo, et al., 2000) involved both exponential and constant feeding arcs that were not model based found that exponential feeding arcs yielded higher productivities than either constant feed or batch.
Our approach focuses first on model identification and determination of optimal operating conditions. Using a priori knowledge of optimal operating conditions, a fed-batch feeding policy can be developed using the model in simulation offline. This fed-batch approach can next be applied online with updates of system states available from online measurements.
MATERIALS AND METHODS
Recombinant Zymomonas mobilis (CP4:pZB5), developed by Zhang, et al. (1994) at the National Renewable Energy Laboratories (NREL), was obtained through a material transfer agreement. The microorganism carries a plasmid containing the genes for xylose assimilation and metabolism, in addition to a marker gene for tetracycline resistance. The basal semidefined culture media of Joachimstal, et al. (1999) consisted of: Tetracycline, 10 mg/L; KH 2 PO 4 , 2 g/L; MgSO 4 1 g/L; (NH 4 ) 2 SO 4 1 g/L; Yeast Extract (DIFCO Laboratories Inc, Detroit, MI) 10 g/L, glucose/xylose/ethanol, specified concentration. Shake flask fermentations were performed for ethanol inhibition studies using various initial concentrations of exogenous ethanol and substrate in the media. A 5 L bioreactor was employed during subsequent pHstat experiments.
Fermentation conditions and analytical procedures used have been described in our previous work (Hodge and Karim, in press ).
RESULTS AND DISCUSSION

Model Development
Four kinetic rates need to be described by the nonlinear process model. These are the specific growth rate (µ), the specific productivity of ethanol (π), and the two specific substrate consumption rates (q glu and q xyl ). The coupling of the four differential equations for biomass, substrate, and product can be done in several ways. One case considers that µ is independent of any other rate and that π is coupled to q glu and q xyl through the product yield (Y P/S ). The general form for this equation is:
where m i is a maintenance coefficient. This case considers that Y P/S is fixed, while the biomass yield (Y X/S ) can vary throughout the course of the fermentation. Using experimental data, a functional relation between the specific substrate uptake rate and the specific productivity can be determined.
Various pH values are used to determine if pH induced uncoupling between these two rates is a concern. Data of the total substrate uptake is plotted against the specific productivity is plotted in Figure 1 with a linear correlation fitted to the data using a least squares approach. This correlation should yield a slope having the inverse of Y P/S and a y-intercept value of the sum of maintenance coefficients. The yintercept was found to be close enough to 0 that the m can be essentially be neglected. It was determined that the experimental product yield has a value of 0.496 g/g (90% of theoretical maximum) and the maintenance coefficient was 0 h -1 .
Transport Inhibition
Sugars are transported into the cell via a facilitated diffusion mechanism whereby the membrane transporter protein is shared for both xylose and glucose transport, with the transporter exhibiting a higher affinity for glucose. Transport of either of these sugars is inhibited to some degree in the presence of the other (DiMarco and Romano, 1984) . When transport limitations are considered alone, the kinetic rates for biomass and product formation can be modeled in terms of the membrane transport. It has been demonstrated (DeGraaf, et al., 1999; DiMarco and Romano, 1984 ) that membrane transport is not the rate-limiting step in either biomass synthesis or glycolysis. Applying a dynamic balance on product concentration, and considering that the rate-limiting step is the sum of all catabolic pathways and the release of the substrate from the membrane transporter yields the following equation:
The functions f( ) and g( ) are inhibition functions that will be subsequently defined, and
Analogously, the same derivation for biomass synthesis yields: These equations are of the same form as the additive Monod model (Rogers and Reardon, 1999) , modified for multiple substrate inhibition. The significant difference that results from this derivation is that the Monod constants and the inhibition parameters are related. It can also be shown that the constants K 1 and K 2 are equivalent to the Monod constant. This is apparent when the limiting case of a single substrate is applied, the model simplifies to the Monod equation. Alternatively, this model form could be based on the assumption that the membrane transporter acts as a surface catalyst site with a limited number of catalytic sites for competing reactants. In this sense the derivation and model development corresponds to the LangmuirHinshelwood mechanism with the Hougen-Watson model for surface-catalyzed chemical reactions.
The maximum values of the rates were determined experimentally to be µ max,1 = 0.321 hr -1 , µ max,2 = 0.046 hr -1 , π max,1 = 4.27 g/g/hr, and π max,2 = 0.53 g/g/hr. The glucose rates are an entire order of magnitude greater than the xylose rates due to inefficiencies in xylose catabolism.
Inhibition Functions
All kinetic rates were found to be functions of product concentration, and therefore it would be relevant to define the maximum value of these rates in terms of ethanol concentration. Ethanol affects each of these rates to a differing extent, resulting in ethanol induced metabolic uncoupling. This necessitates the use of different functions for product and biomass formation. One drawback to this approach is that the effects of product concentration are not determined independently of competitive substrate or pH inhibition. Experimental data from shake flask experiments are plotted in Figure 3 .
These inhibition functions can be observed to remain at a constant value until a critical concentration of ethanol is reached. From the plots, this is shown to be about 30-40 g/L for the catabolic rates and about 20 g/L for the biosynthetic rates. After this point, the rate decreases approximately linearly with respect to the product concentration. It has been shown previously (Millar, et al., 1982) that the denaturation of key glycolytic enzymes is not likely to be the primary cause of ethanol inhibition in Z. mobilis. Rather, the phenomenon of decreased catabolic rates is caused by increase in the permeability of the plasma membrane of the cell, resulting in the loss of enzymes, metabolic intermediates, and cofactors to the extracellular media. This can explain the linear decrease in catabolic rates with respect to increasing product concentration. The biosynthetic rates, however, are apparently more sensitive to product inhibition as indicated by a lower critical ethanol concentration. This implies that either cofactors differing from those in the catabolic pathways are being lost at a different rate, or that ethanol is directly affecting enzymes required for biosynthesis.
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Determination of Transport Dependent Substrate Model Parameters
The method chosen for this application was a constrained minimization of a nonlinear least-squares cost function. The experimental data set used for this calculation was taken at low ethanol concentrations to ensure that product inhibition of kinetic rates was not a contributing factor. Data were divided into two sets depending on the primary substrate utilized by the microorganism. The cost function q(⋅) was developed using values of the kinetic rates determined from the appropriate model equations using the sum of the squared difference between these model-calculated rates ) , ( µ π and those that were experimentally determined (π µ). This was done for both rates for growth on both substrates resulting in four cost functions. These constituent cost functions developed for the minimization procedure have the following form:
Because the kinetic rates were highly substrate dependent with differing orders of magnitude, a weighting factor (w) was introduced to normalize the constituent cost functions based on the maximum value of each. Another criterion for selection of the different weighting factors was based on the degree of bias desired towards the model's description of specific kinetics. The consolidated form of the constrained minimization problem gives:
Using an extra weighting bias of 10 for xylose fermentation parameters, since the model is used in the context of predictive control for a xylose feed. The model parameters were found to be K 1 = 1.21 and K 2 = 9.96. A sensitivity analysis determined that all state variables were relatively insensitive to minor perturbations of the model parameters, indicating that the model is stable in the operating region described by the parameters. Additionally, a sensitivity matrix has found to have full rank, indicating that the model is both unique and identifiable.
Model Validation
The ability of the unstructured kinetic model to predict the transient batch profiles of biomass, product, and substrate concentrations was tested against an independent data set.
Because the application of the model is in the context of predictive control, the validation of the model as a state estimator is applied in a discrete fashion to the data as measurements become available to perform multiple step ahead predictions. The significant result of this approach is that the errors associated with estimation of process states during nonexponential growth do not accumulate over the course of the fermentation. The data sets used for validation varied in initial substrate and initial exogenous ethanol concentrations such that a wide range of these variables could be tested. The normalized prediction performance of the model for all four state variables is plotted in Figure 4 with lines corresponding to perfect correlation and 10% error relative the maximum plotted for reference.
Application of Online Model for MPC Control of Fed-Batch Fermentation
An NMPC algorithm was developed using the coupled differential equations modeling process kinetics. The control methodology that was applied attempts to optimize the ethanol productivity considering both product and substrate inhibition. Because substrate inhibition begins to become apparent at concentrations of substrate greater than 80 g/L (Veeramallu and Pramod, 1990) , fed-batch fermentation is suitable for fermentation of higher sugar concentrations to overcome these limitations. Because both specific productivity functions were shown (Figure 3 ) to decrease after a critical product concentration it is reasonable to consider operating the reactor below these product concentrations during fed-batch operation.
Initially, the reactor was operated in batch mode with initial substrates of glucose and xylose at concentrations such that substrate inhibition is not limiting. The rapid utilization of glucose yields a high concentration of biomass initially that will increase the volumetric productivity. Since glucose uptake is preferential and limits the uptake of xylose, the feed for fed-batch operation was a pure xylose stream. This was begun when the ethanol reaches the critical value (35g/L) for specific productivity for xylose metabolism. The controller maintains this ethanol concentration by manipulating the feed rate. This approach is valid when the total amount of glucose is less than that of the xylose. The reason for this is that the initial biomass formation and ethanol production is rapid for glucose growth in the fed-batch configuration. The bioreactor can then be operated at its optimal productivity for a prolonged time during feeding. Alternatively, the results could be obtained using a standard control approach (e.g. PID). However, for this case it would be necessary to ensure that the parameters were well tuned and valid for the region in which the controller would be operating.
The NMPC algorithm uses both a control (H C ) and prediction (H P ) horizon of 1. The reasons for this are both the large sampling time (2 hr) that renders the precision of multiple-step ahead predictions doubtful and by the necessity to decrease the computational complexity required by minimizing the objective function with nonlinear constraints. A time delay of 45 minutes is required due to the elution time required for HPLC analysis of the composition of the reactor. Although this is less than the sampling time, it is necessary to consider this lag time in the control action when the model constraints for the NMPC are developed.
The approach for the NMPC algorithm uses a sequential solution employing an ODE solver. In this application, the optimization routine acts as an outer loop to iteratively select values of the manipulated variable. The ODE solver determines solutions for the nonlinear model equations at each iteration of the optimization. The minimization procedure utilizes the BFGS method for Hessian matrix updates and a mixed quadratic/cubic polynomial line search. Objective function gradients are determined by finite differences based on small changes in the manipulated variable. The NMPC function that accomplishes this is given as:
Subject to:
where h 1 and h 2 = equation 1, h 3 = equation 2, and h 4 = equation 3.
Utilizing both a control and a prediction horizon of one yields a two-dimensional error surface for the objective function. This results in a "deadbeat" controller that approaches the desired control set point in a single control move. As mentioned previously, this is acceptable due to the long sampling time.
The NMPC algorithm was utilized on-line, with the following initial conditions: glucose, 61 g/L; xylose, 57 g/L; feed xylose, 115 g/L.
The resulting concentration profile for various states is plotted in Figure 5 with respect to model simulation based on initial conditions only. Both online and offline feeding profiles are plotted in Figure 6 , and shows that the feeding rate, while still approximating the exponential arc determined by the model simulation, is highly sensitive to process measurement noise.
The volumetric productivity, or time averaged product concentration, can be used in the evaluation and comparison of fermentation performance. The volumetric productivity was used as the criteria for comparing the fed-batch fermentation to batch fermentation. The fed-batch fermentation reaches a higher productivity at a lower product concentration due to the higher initial glucose concentrations. When the maximum product concentration was reached, the volumetric productivity was found to be 0.957 g/L/hr, which is 16.6% greater than that for batch at the same product concentration (Lawford and Rousseau, 1999) . This indicates that fed-batch operation can reach a higher product concentration more rapidly using equivalent substrates. This is approach to improvement is valid, however, only for fermentations of higher xylose concentrations.
CONCLUSIONS
In the preceding discussion it was shown that the modeling of fermentation kinetics utilizing an unstructured model incorporating substrate competition for membrane transport and product inhibition of kinetic rates provides a suitable description of transient batch kinetics. The online application of an NMPC algorithm for operation in fed-batch mode improves the productivity by 16.6% relative to batch operation. Furthermore, the MNPC algorithm proved to be an effective control approach for model based control of a nonlinear biological system.
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